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2.1.1 SVD (Singular Value Decomposition)

SVD[19] N ×O
R UK , SK , VK (1)

UK VK N × K

O ×K

R̂ = UKSKV T
K (1)

K R̂ R

2.1.2 NMF (Non-negative Matrix Factoriza-

tion)

NMF[13] (2) R

U, V

Kullback-Leibler divergence

R̂ = UV T (2)

2.1.3 PMF (Probabilistic Matrix Factorization)

PMF[18]

|ri,j − uiv
T
j |

(3) N(x|μ, σ2) μ

σ2 Ii,j (4)

p(R|U, V, σ2) =

N∏
i=1

O∏
j=1

[N(ri,j |uiv
T
j , σ

2)]Ii,j (3)

Ii,j = 1 (if user i rated item j) / 0 (otherwise) (4)

(3) U, V

2.2

[26] Web [2]
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3
MCFPV (Matrix-based Collabora-

tive Filtering employing Personal Values)

MCFPV

3.1

Mu N ×L
(i, j)

i j RMRate

Mv

RMRate

Mv O ×2L
1 L L+1 2L RMRate

RMRate

3.2

Mu Mv

MCFPV

6

Spred = Mu ×MR ×MT
v (6)

MR(L× 2L) Mu Mv

MR

3.3

MR Mu,Mv

MR

wi,j 7

MR =

⎛
⎝

w1,1 · · · w1,L w1,L+1 · · · w1,2L

.

..
. . .

.

..
.
..

. . .
.
..

wL,1 · · · wL,L wL,L+1 · · · wL,2L

⎞
⎠ (7)

[22] MR

2

3.3.1

i j ŝi,j

8

ŝi,j =
L∑

k=1

2L∑
l=1

ui,kvj,lwk,l (8)

ui,k ∈ Mu vj,l ∈ Mv wk,l ∈ MR

L(MR) 9

L(MR) =
∑

ri,j∈Dtrain

(ri,j − ŝi,j)
2
+ λ||MR||2 (9)

ri,j Dtrain

|| · ||
SGD[9, 10, 11]

MR Algorithm1

8 wk,l ri,j

η

[10] 0.1/
√
t t

Algorithm 1 Stochastic gradient descent for MCFPV

1: Initialize matrix MR

2: η ← 0.1, t← 1

3: while t <maxT do

4: Shuffle training data ri,j ∈ Dtrain randomly

5: for ri,j ∈ Dtrain do

6: for k=1 to L do

7: for l=1 to 2L do

8: wk,l←wk,l+η{ui,kvj,l(ri,j−ŝi,j)−λwk,l}
9: end for

10: end for

11: end for

12: if MR is converged then

13: break

14: end if

15: t← t+ 1

16: η ← 0.1√
t

17: end while

3.3.2 BPR

BPR ui

>i 10

p(MR| >i) ∝ p(>i |MR)p(MR) (10)

SU
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Πui∈SU p(>i |MR) = Π(i,p,n)∈Dtrain
p(vp >i vn|MR) (11)

p(vp >i vn|MR) =
1

1 + e−ŝi,p,n
(12)

ŝi,p,n = ŝi,p − ŝi,n (13)

Dtrain={(i, p, n)|ui∈SU ∧ vp∈S+
V,i ∧ vn ∈ SV −S+

V,i} (14)

SV S+
V,i ui

16

LBPR(MR) = lnΠui∈SU
p(MR| >i) (15)

=
∑

(i,p,n)∈Dtrain

ln
1

1+e−ŝi,p,n
−λ||MR||2(16)

wk,l

wk,l ← wk,l +

η

{
e−ŝi,p,n

1 + e−ŝi,p,n
ui,k(vp,l−vn,l)−λwk,l

}
(17)

BPR Algorithm1

• 4 ri,j (i, p, n)

• 8 17

4

4.1

Yahoo! Movie1 Hotpepper beauty2 2

1

Yahoo! Movie

5 Hotpepper Beauty

1

2

BPR Dtrain

4

1http://movies.yahoo.co.jp/
2http://beauty.hotpepper.jp/

1

Attributes

Yahoo! 1,2,3,4,5 Story, cast, scenario,

Movie visuals, music

Hotpepper 1,2,3,4,5 Atmosphere, service,

Beauty skill, price

2

Yahoo! 18,507 6,746 523,730 0.00420

Movie

Hotpepper 31,976 8,101 72,386 0.00028

Beauty

4.2

SVD NMF PMF

double cross valdation[4]

λ ∈ {10−1, 10−2, 10−3, 10−14, 10−5}
K ∈ {5, 10, 20, 40, 80} K SVD, PMF,

NMF MCFPV

1. D 3 Di

2. Di

(a) D−i = D −Di

i. D−i 3 D−i
j

ii.

D−i
j D−i−D−i

j

cross validation

iii. 2(a)ii

(b) D−i Di

3. Di

top-N P@N (precision

at N) R@N (recall at N)[14] Div@N (diversity at

N) P@N

N

R@N

Div@N

N 3
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3 (Yahoo! Movie)

P@3 R@3 Div@3

MCFPV(PRE) 0.578 0.431 2700

MCFPV(BPR) 0.578 0.431 2699

MCFPV(D1) 0.578 0.431 2659

SVD 0.617 0.449 2127

PMF 0.586 0.445 2167

NMF 0.620 0.451 1966

4 (Hotpepper Beauty)

P@3 R@3 Div@3

MCFPV(PRE) 0.894 0.869 3207

MCFPV(BPR) 0.893 0.870 3250

MCFPV(D1) 0.894 0.869 3142

SVD 0.892 0.869 2909

PMF 0.890 0.867 2868

NMF 0.892 0.868 2805

4.3

3 4 Yahoo! Movie Hotpeppr Beauty

MCFPV

(PRE) 3.3.1 MCFPV(BPR) 3.3.2

MCFPV(D1)

[22]

P@3 R@3 NMF Yahoo! Movie

Hotp-

per Beauty MCFPV

MCFPV

Div@3 MCFPV
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1, 2 1 Yahoo!
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Hotpper Beauty MCFPV
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